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Abstract

Artificial intelligence and machine learning applications are of significant impor-
tance almost in every field of human life to solve problems or support human
experts. However, the determination of the machine learning model to achieve
a superior result for a particular problem within the wide real-life application
areas is still a challenging task for researchers. The success of a model could be
affected by several factors such as dataset characteristics, training strategy and
model responses. Therefore, a comprehensive analysis is required to determine
model ability and the efficiency of the considered strategies. This study imple-
mented ten benchmark machine learning models on seventeen varied datasets.
Experiments are performed using four different training strategies 60:40, 70:30,
and 80:20 hold-out and five-fold cross-validation techniques. We used three
evaluation metrics to evaluate the experimental results: mean squared error,
mean absolute error, and coefficient of determination (R2 score). The consid-
ered models are analyzed, and each model’ s advantages, disadvantages, and
data dependencies are indicated. As a result of performed excess number of
experiments, the deep Long-Short Term Memory (LSTM) neural network out-
performed other considered models, namely, decision tree, linear regression, sup-
port vector regression with a linear and radial basis function kernels, random
forest, gradient boosting, extreme gradient boosting, shallow neural network,
and deep neural network. It has also been shown that cross-validation has a
tremendous impact on the results of the experiments and should be considered
for the model evaluation in regression studies where data mining or selection is
not performed.
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ABSTRACT

Artificial intelligence and machine learning applications have become critically
important across nearly every domain of human life, either solving problems
directly or supporting human experts. However, selecting the most appropriate
machine learning model to achieve superior performance for a specific problem
remains a significant challenge for researchers. A model’ s success can be in-
fluenced by multiple factors, including dataset characteristics, training strategy,
and model responsiveness. Consequently, comprehensive analysis is essential to
determine model capability and the effectiveness of employed strategies. This
study implemented ten benchmark machine learning models across seventeen
diverse datasets using four training strategies: 60:40, 70:30, and 80:20 hold-out
splits, along with five-fold cross-validation.

We evaluated experimental results using three metrics: mean squared error,
mean absolute error, and coefficient of determination (R? score). Each model
was analyzed to identify its advantages, disadvantages, and data dependen-
cies. Based on extensive experimentation, the deep Long-Short Term Mem-
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ory (LSTM) neural network outperformed all other considered models, includ-
ing decision tree, linear regression, support vector regression with linear and
radial basis function kernels, random forest, gradient boosting, extreme gradi-
ent boosting, shallow neural network, and deep neural network. Additionally,
cross-validation demonstrated tremendous impact on experimental outcomes
and should be considered essential for model evaluation in regression studies
where data mining or selection is not performed.

1 Corresponding Author: Boran Sekeroglu (E-mail: boran.sekeroglu@neu.edu.tr;
ORCID: 0000-0001-7284-1173)

1. INTRODUCTION

Artificial intelligence (AI) and machine learning (ML) models excel at estab-
lishing relationships between variables (attributes) and observations (instances)
across various tasks, including classification and regression. Unlike classifica-
tion, where samples are assigned discrete labels, regression aims to fit a line or
plane through all samples with minimal error. In several studies, researchers
have treated real-valued outputs as bucketed categories, converting regression
problems into classification tasks when possible [?]. This has led to more ML
implementations for classification than for regression, which seeks to predict
continuous, infinite outputs. Nevertheless, regression applications have signifi-
cantly impacted multidisciplinary fields, including healthcare [?, ?], education
[?], price prediction [?], sports [?], and finance [?].

The primary challenge in ML applications is identifying the model most suitable
for a particular dataset. This is crucial because determining a universally opti-
mal ML model for all applications is nearly impossible due to varying dataset
characteristics and model capabilities [?]. Dataset properties further compli-
cate research in both domains. Based on attribute characteristics, datasets
may be structured or unstructured, numeric or categorical, or combined. Most
importantly, relationships between attributes and outputs can be linear or non-
linear, with high or low correlation, causing ML models to produce different re-
sults across datasets. Therefore, analyzing model success requires testing across
datasets with diverse conditions.

Beyond dataset characteristics, training strategies (validation techniques) and
evaluation methods vary considerably across studies. The hold-out method,
which splits data into training and testing sets at different ratios (60:40, 70:30,
75:25, 80:20, etc.), is common in AT and ML implementations [?, 7, ?]. Another
widely used approach is k-fold cross-validation, employed for hyperparameter
tuning and final evaluation [?]. The main drawback of hold-out is that samples
are used exclusively for either training or testing, making model performance de-
pendent on the specific split. In contrast, k-fold cross-validation provides more
accurate results [?] by partitioning data into k equal folds and training models
k times, ensuring all data contributes to both training and testing. However,
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using all samples can affect results positively or negatively, slightly or signifi-
cantly. For models trained with random data selection without data mining, the
amount of training data and validation method significantly impact outcomes.
Recent regression studies vary in model selection, evaluation, and training imple-

mentation, though comparing multiple models across several metrics is common
[7,2,7,2,7].

Even in recent research, no standard exists for hold-out ratios or cross-validation
implementation. Choices depend on dataset size, researcher preference, and
model response. However, in ML, even small changes in training data can
significantly affect results, particularly for datasets with different characteristics
or large-scale data. Therefore, investigating the effects of both cross-validation
and hold-out ratios across varied datasets is crucial [?].

While most ML studies include comparative analysis, few conduct direct com-
parisons. Huang et al. [?] compared three ML models (backpropagation neural
network, support vector regression, and extreme learning machine) for regression
using four datasets, evaluating with mean squared error (MSE), mean absolute
percentage error (MAPE), and R? score using 20-fold cross-validation. They
concluded that integrated models outperformed single models. Bratsas et al. [?]
compared multilayer perceptron, linear regression, random forest, and support
vector regression for predicting traffic status in Thessaloniki, Greece, using three
scenarios from a single dataset and root mean square error (RMSE) for evalua-
tion. They found neural networks and support vector regression outperformed
random forest and linear regression. Recent comparative research demonstrates
that analyzing model capabilities and training strategy effects requires multiple
diverse datasets, models, and validation techniques.

Automated Machine Learning (AutoML) has recently emerged to identify supe-
rior models among various ML approaches and achieve optimal results through
ensemble methods. While AutoML offers implementation advantages, its com-
putational costs and tendency to cause system crashes, even on relatively small
datasets, remain major disadvantages.

This study compares ML models for regression tasks using scenarios not previ-
ously examined together. We consider numerous multi-character datasets—in-
cluding time-series, multivariate, high-instance, and high-attribute data—across
varied validation strategies to analyze model responses to different training data
volumes and the effects of hold-out versus cross-validation on regression tasks.
Our primary goal is to establish starting points for future regression studies to
minimize model and validation strategy selection efforts.

To this end, we selected ten benchmark ML models based on their frequency of
use and foundational importance. Linear Regression remains one of the most
frequently used statistical models for regression, particularly for linearly related
data. Decision Tree (DT) is another common model that forms the basis for
tree-ensemble models such as Random Forest (RF), Gradient Boosting (Grad-
Boost), and Extreme Gradient Boosting (XGBoost). These ensemble methods
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minimize DT error through bagging or boosting and are increasingly popular
for regression. Support Vector Regression (SVR) extends the success of support
vector machines to regression problems, though kernel selection presents imple-
mentation challenges; we consider both Radial Basis Function (RBF) and linear
kernels. Neural networks are essential tools for nonlinear data, so we implement
both shallow and deep versions (NN and DNN), plus a specialized recurrent
architecture: deep Long-Short Term Memory (deep LSTM).

We conducted 680 experiments across 17 datasets for comprehensive evaluation.
Results were analyzed using three common regression metrics: MSE, MAE, and
R? scores. We examined hold-out method effects at different ratios, analyzed
performance changes with varying training data, determined model data de-
pendencies, compared hold-out results to five-fold cross-validation, performed
fold-level analysis with statistical descriptions, conducted model-based evalua-
tions, and presented advantages and disadvantages of each approach. Finally,
we offer recommendations for model and validation strategy selection.

2.1 Datasets

We selected 17 regression datasets from diverse real-world domains—environmen-
tal sciences, social sciences, civil engineering, finance, sales, and energy consump-
tion—to enable generalizable comparisons across application fields. Datasets var-
ied in attribute and instance counts to assess model capabilities across different
data scales and types, including time-series and multivariate data.

Specifically, we used: Air Quality [?], Wine Quality [?], Combined Cycle Power
Plant (CCPP) [?], Behavior of urban traffic in Sao Paulo, Brazil (SPB) [?], Real
Estate (RE) Valuation [?], Concrete Compressive Strength (CON) [?], Daily De-
mand Forecasting Orders (DDFO) [?], two Student Performance (SP) datasets
[?], and three Power Consumption of Tetouan city (TCPC) datasets [?] (one
per zone). summarizes instance and attribute counts.

Numerical representations obscure data relationships and characteristics. [Fig-
ure 1: see original paper] presents correlation analyses. The highest attribute
correlations appear in AQ and DDFO datasets, while the lowest occur in WQR,
WQW, RE, and STP datasets. For the STM dataset, we removed two highly
correlated attributes to create a more challenging STP dataset.

2.2 Brief Review of Machine Learning Algorithms
2.2.1 Artificial Neural Networks

Backpropagation is the most widely used neural network for optimization, regres-
sion, and classification. Interconnection weights update based on the difference
between actual and expected outputs, with gradient descent calculating weight
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changes. It remains a standard algorithm for comparative studies [?]. We used
a shallow version with one hidden layer and a deep version with four hidden
layers.

2.2.2 Linear Regression

Linear Regression is a statistical method that fits the best regression line through
data points. It is frequently and successfully applied to datasets with linear
attribute correlations [?].

2.2.3 Support Vector Regression

Support Vector Regression (SVR) was developed to produce real-valued outputs
for regression problems [?]. It minimizes error while maximizing hyperplane
margin for effective data separation [?, ?]. Different kernel functions project
data into higher dimensions; we compared Linear and Radial-Basis Function
kernels.

2.2.4 Long-Short Term Memory Neural Network

LSTM is an effective recurrent network variant for classification and regression
[?]. Tts architecture comprises four major components: cell, input gate, output
gate, and forget gate. LSTM uses gradients to update weights while remember-
ing previous errors, improving error minimization across iterations [?].

2.2.5 Decision Tree

Decision Trees are tree-structured algorithms with root, decision, and leaf nodes
that employ a divide-and-conquer strategy, offering both advantages and disad-
vantages [?]. Simplicity and speed are primary benefits, while determining initial
root nodes and attribute sequences represents the main drawback.

2.2.6 Random Forests

Random forests are tree-based ensemble methods applicable to classification
and regression [?, ?]. They construct multiple decision trees during training
and optimize the mean prediction across individual trees.

2.2.7 Gradient Boosting Algorithm

Gradient Boosting is another tree-based ensemble algorithm [?]. It optimizes
outputs by minimizing loss from weak learners (decision trees). Loss is cal-
culated, and new or modified trees are added to reduce total loss via gradient
descent. Output is modified after each tree addition, with stopping criteria such
as loss plateau or fixed tree count determining the final model.
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2.2.8 Extreme Gradient Boosting

Similar to Gradient Boosting, Extreme Gradient Boosting [?] is an ensemble tree
method that boosts weak learners using gradient descent. However, XGBoost
includes enhancements to minimize resource usage and improve results. Regular-
ization models (e.g., LASSO) prevent overfitting, and built-in cross-validation
determines optimal iteration counts in a single run.

2.3 Evaluation and Comparison Criteria

We used three common regression metrics: Mean Squared Error (MSE), Mean
Absolute Error (MAE), and coefficient of determination (R? score).

MSE squares errors before averaging, giving higher weight to significant out-
liers. This helps researchers observe errors in high-value datasets, though error
frequency substantially affects MSE results, with repeated errors causing MSE
to increase. However, minimum error does not always indicate superior predic-
tions, as significant errors may inflate MSE and cause overestimation of model
errors. Conversely, small errors may underestimate total error. Therefore, mul-
tiple evaluation criteria must be considered during model assessment.

MAE, the mean of absolute errors, focuses on error magnitude between pre-
dicted and actual outputs without considering direction, yielding more stable
results. The R? score, strongly related to MSE, measures correlation between
predicted and observed values, providing scaled evaluation results for robust
model comparison.

2.4 The Design of Relevant Experiments

Experiments employed four training configurations: three hold-out ratios (60:40,
70:30, 80:20) and five-fold cross-validation. Models were trained on each hold-
out ratio, with scores obtained from separate test sets. Five-fold cross-validation
provided more accurate and robust evaluation by averaging results across folds.

These results enabled analysis of how hold-out and cross-validation strategies af-
fect scores, using both overall hold-out ratios and individual fold results. Neural
network architectures (NN, DNN, deep LSTM) were fixed, though parameters
were tuned per dataset performance.

For hold-out experiments, fixed training and testing data eliminated perfor-
mance variation from data changes. In cross-validation, each fold was fixed to
ensure all models trained on identical data splits.

DNN implementation used four hidden layers with 500 neurons each, Sigmoid
activation, Adam optimizer, and MSE loss. The shallow NN used one hidden
layer with 500 neurons and identical other parameters. Deep LSTM used four
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layers, with maximum iterations determined by highest achieved scores. DNN,
NN, and LSTM experiments were repeated with different iterations per dataset
to optimize results.

Grid search optimized parameters for Support Vector Regression, Random For-
est, GradBoost, and XGBoost. Best parameters were used for each cross-
validation fold and all hold-out ratios. MSE was used to build decision tree
regressor structures.

3. RESULTS AND COMPARISONS

This section summarizes experimental results and compares models across train-
ing ratios with quantitative data. All models produced fluctuating results across
learning rates and datasets. Detailed comparisons follow, with S1 Table, S2 Ta-
ble, and S3 Table presenting MSE, MAE, and R? scores for all experiments.
[Figure 2: see original paper] visualizes R? scores per dataset for each hold-out
ratio and cross-validation. Bold values indicate superior results.

3.1 Comparisons for Hold-Out Ratios and Cross-Validation

Analyzing hold-out ratio effects requires two-stage examination: first, assess-
ing performance changes with training data volume; second, determining how
different ratios and cross-validation impact specific models, revealing data de-
pendency and sensitivity.

R? scores were used for analysis due to their scaled nature, enabling more effec-
tive evaluation. We examined both highest R? scores and statistical descriptions
(mean, median, quartiles, standard deviation) per dataset and model.

NN, DT, and RF produced fluctuating but similar results across hold-out ratios,
with lowest and highest R? scores typically at 70:30 and 80:20, respectively.
GradBoost and XGBoost also fluctuated, achieving lowest scores at 70:30 but
highest at 60:40.

LSTM, SVRL, SVRBF, and LR showed negative linear relationships between
training data volume and performance, with highest R? scores at 60:40 and
decreasing results as training data increased, reaching minima at 80:20.

DNN was most positively affected by training data increases. It achieved no
highest R? scores at 60:40 but improved at 70:30 and 80:20, peaking at 80:20.

Cross-validation significantly changed results for NN, DNN, LR, DT, GradBoost,
and XGBoost, enabling these models to achieve superior results. However,
SVRL, SVRBF, and RF showed no positive cross-validation impact.

Statistical descriptions (mean, median, min/max, standard deviation, quartiles)
reveal model sensitivity to training data volume and adaptation. Deep LSTM
achieved superior results across all statistical measures and scenarios. SVRL
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and LR produced highest standard deviations and lowest mean/median results,
representing the worst performance.

[Figure 3: see original paper| shows model-based result distributions, while [Fig-
ure 4: see original paper| presents validation strategy comparisons per model.

NN and DNN showed minimal standard deviation variation across ratios (NN:
0.0006-0.0612; DNN: 0.0003-0.0641), representing the lowest maximum stan-
dard deviations. LR followed with 0.0797 maximum standard deviation and
lowest average standard deviation (0.0215), despite rarely achieving superior
results. SVRBF, SVRL, and DT showed similar maximum standard deviations,
with averages of 0.0154, 0.0173, and 0.0275, respectively—SVR models having
the lowest average standard deviation.

Tree ensemble models (RF, GradBoost, XGBoost) showed greater fluctuation,
with maximum standard deviations of 0.1384, 0.1569, and 0.1461, and aver-
ages of 0.0305, 0.0322, and 0.0331. Deep LSTM exhibited the largest standard
deviation changes, with maximum and average values of 0.3467 and 0.0629—
the highest among all models. summarizes minimum, maximum, and average
standard deviations.

3.2 Fold Comparisons of Five-Fold Cross-Validation Experiments

Five-fold cross-validation analyzed how changing training data affects model
learning and performance, demonstrating sensitivity compared to fixed hold-
out ratios. We used average (difference between highest and lowest fold R?
scores) to indicate general variation.

AQ and CCPP datasets were excluded from this section because all models
produced R? scores above 0.999 with less than 0.001 average variation between
folds.

NN showed highest variation ( = 0.48) in SPB dataset (fold range: 0.81 to
0.32). It produced stable results in WQW, CON, DDFO, and STM ( = 0.07-
0.10) but more fluctuation in WQR, RE, and STP ( = 0.17, 0.21, 0.20). DNN
produced similar but more stable results than NN in WQR, CON, STM, and
STP, with maximum variation again in SPB ( = 0.47) and average = 0.16.

LR achieved perfect consistency in DDFO ( = 0) but failed to produce results
in one SPB fold ( = 0.74). Its most stable performance outside DDFO was
WQW ( = 0.15), with overall average = 0.26.

SVRL and SVRBF produced similar values across most datasets, with maxi-
mum differences in CON (SVRL = 0.51, SVRBF = 0.44) and STP (SVRL =
0.26, SVRBF = 0.30). Both showed high variability in SPB ( = 0.73 each),
with average = 0.29.

Deep LSTM, despite superior overall results, produced the most fluctuating,
data-dependent results in DDFO, STM, and STP. While showing minimal vari-
ation in most datasets and relatively stable SPB performance, extreme predic-
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tions in STM and STP folds drove to 0.99. Its average = 0.36 marks it as
the most sensitive model.

DT failed to produce results in any STP fold ( = 0, excluded from average)
and missed single folds in WQR and WQW ( = 0.13 and 0.21). It achieved
relatively stable SPB results ( = 0.23) despite not being superior, but showed
highest variation in RE ( = 0.37, range: 0.69-0.32). Average = 0.22.

RF, though more stable than DT, missed folds in CON and SPB, causing high
variation ( = 0.83 each) and average = 0.33. GradBoost produced similar but
more stable results in CON and SPB, achieving average = 0.17 as one of the
most stable models.

XGBoost achieved the lowest average (0.15), with minimum variation in WQW
and STP ( = 0.01 and 0.11) and maximum in RE and SPB ( = 0.30 and 0.29).
It generally produced the most stable results despite rarely achieving superiority.
[Figure 5: see original paper| plots fold-wise R? score variations, and presents
values per model and dataset.

4. DISCUSSIONS

Multiple aspects warrant discussion regarding the obtained results. We
separately analyzed model performance by R? scores and error minimization
across dataset types, examined hold-out training ratio effects, and assessed
cross-validation impact on model learning to derive general conclusions. Data
dependency was analyzed through combined results and fold analysis, providing
insights into model consistency and stability.

4.1 Effect of Training Ratios on Model Performances

Comparing varied hold-out ratios without cross-validation yields inconsistent
analysis due to model responses to newly added training data, even with iden-
tical samples. Fluctuations occurred regardless of training ratios, though ratio-
based changes were not always significant.

SVRBF and SVRL were least affected by training data volume, indicating that
data projection reduces sensitivity to sample size. SVRBF achieved the lowest
average standard deviation, followed by SVRL. However, increasing training
data negatively impacted both models, reaffirming that SVR models can per-
form better with less training data.

Neural-based models (NN, DNN) also minimized variation through effective con-
vergence enabled by hidden layers and neurons. Though less interpretable, they
achieved stable results. However, DNN with more layers and neurons showed
increased success rates with more training data, demonstrating that deeper ar-
chitectures require larger datasets. Fewer hidden layers and neurons in NN
produced more inconsistent results, complicating optimal ratio determination.
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DT’s node sequence and leaf determination critically affect its success, producing
fluctuating results across training ratios. However, RF reduced DT’ s need for
more training data, while GradBoost and XGBoost eliminated it entirely.

RF, GradBoost, and XGBoost showed higher standard deviations than other
models, indicating greater sensitivity to training data volume. Yet their pro-
cesses minimized DT errors and reduced dependence on data quantity, enabling
GradBoost and XGBoost to achieve higher results with less training data.

Deep LSTM was most sensitive to training data volume, producing the most
fluctuating results in terms of both R? scores and standard deviation. While
fixed LSTM layers may contribute to this, the forgetting and remembering of
input sequence states significantly affected both success and variability. Despite
using many LSTM layers, deep LSTM achieved highest results with the lowest
training ratio (60:40), with increased ratios not improving performance.

Across all models, the 70:30 ratio produced minimum success, while 80:20
yielded higher results, but 60:40 achieved the highest overall scores. If
cross-validation is not considered, using 60:40 or 80:20 ratios based on model
characteristics can reduce experimental costs while achieving superior results.

4.2 Effect of Cross-Validation and Data Dependency of the Models

Cross-validation is frequently used for hyperparameter tuning and final evalua-
tion. Our results demonstrate its vital role in determining model generalization
ability. Five-fold cross-validation effectively trained models five times at 80:20
ratios using different data partitions, enabling comprehensive analysis.

Average fold results showed NN, DNN, LR, DT, GradBoost, and XGBoost
achieved their highest R? scores with cross-validation (S3 Table), indicating
that cross-validation provides more consistent, reliable, and successful outcomes
for these models. However, SVRBF, SVRL, and LSTM showed no remarkable

improvement over other ratios.

Examining fold-wise R? score differences () revealed more complex relation-
ships (TABLE:4). values indicated model responses to training data changes
and data dependency. XGBoost was most successful, with minimum data de-
pendency (min = 0.01, max = 0.31, average = 0.113). By minimizing error
while adding trees, XGBoost reduced dependence on new data, producing stable
inter-fold results.

GradBoost, DNN, and NN followed XGBoost. GradBoost and DNN had equal
average (0.17). Similar to XGBoost, GradBoost’ s ensemble creation via gradi-
ent descent and weak trees yielded low data dependency. DNN’ s many hidden
layers and neurons produced stable results despite not being superior, enhanc-
ing learning from changing cross-validation data. NN’ s single hidden layer
produced more fluctuation than DNN, but minimal R? score changes between
folds showed that increasing hidden layers improves stability without signifi-
cantly altering overall results.
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DT and LR produced similar values. Both excel on linearly related datasets,
increasing data importance in training and testing. However, LR was more sta-
ble on highly correlated data, while DT showed greater fold-wise R? differences.
Single tree creation and node sequences were critical factors.

SVRBF and SVRL produced reasonably similar results ( = 0.276 and 0.251).
High fold variation stemmed from unpredictable data projection—while one fold’
s data might project well for regression, another might not, creating variable
results.

RF and LSTM produced unexpected results. As an ensemble, RF should have
been stable, but tree creation effects made it highly data-dependent despite
successful results. LSTM, though generally stable, produced extreme results in
STP and STM folds, yielding the highest average (0.36). While LSTM appears
highly data-dependent, dataset characteristic analysis follows.

4.3 Effect of Datasets on Model Performances

Dataset-based analysis evaluated model responses under varied conditions.
While large instance counts with many attributes facilitate learning (e.g., AQ
dataset), instance relevancy and information quality are vital (e.g., WQW
dataset). Neural networks, expected to excel on nonlinear problems with weak
attribute relationships, only slightly outperformed or underperformed other
models on these datasets.

On STM and STP datasets, removing two highly correlated attributes severely
reduced NN and DNN success, similar to other models. While NN and DNN
produced high results on highly correlated DDFO data, they did not match
LR’ s prediction rate. However, outperforming LR on the highly correlated
AQ dataset demonstrated that minimized training instances significantly and
negatively affected NN and DNN performance.

SVRBF and SVRL achieved results close to NN and DNN but excelled on
highly correlated datasets with minimal attributes and instances (e.g., DDFO).
On other datasets with more attributes and instances, even with high corre-
lation, SVR models underperformed NN and DNN, reaffirming that limited,
informative attributes and instances enhance SVR success.

DT produced fluctuating, generally unsuccessful results depending on dataset
characteristics, failing entirely on the high-attribute, low-instance, low-
correlation STP dataset. However, DT outperformed RF, XGBoost, and
GradBoost on the highly correlated DDFO dataset, showing that success in
identifying starting nodes and attribute sequences is vital.

Tree-based ensemble models achieved superior results on high-instance datasets.
RF, GradBoost, and XGBoost generally outperformed others (except LSTM)
on AQ, CCPP, and WQW datasets, as many instances enabled systematic in-
formation connections through tree creation and addition.
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LSTM outperformed all models regardless of attribute correlation when trained
with sufficient instances. However, LSTM was most affected by instance and
attribute counts, producing highly fluctuating results on STM, STP, and DDFO
datasets. Training deep LSTM with limited data makes achieving high predic-
tion rates challenging.

4.4 Discussions on the General Results

Deep LSTM achieved the highest R? scores and superior error minimization in
57 of 68 experiments, demonstrating exceptional success. GradBoost followed,
producing twice as many superior results and three times as many second-highest
results. XGBoost achieved one superior and ten second-highest results, showing
stable performance. LR produced superior results once, as did DT and RF. NN,
DNN, and SVR models never achieved optimal results.

Although DNN’ s additional hidden layers and neurons improved stability over
NN, it never achieved superior or even second-superior scores, limiting neural-
based model success in this study. However, fixed architectures and parameters
may explain this limitation. NN’ s reduced hidden layers and neurons nega-
tively affected stability without drastically reducing success compared to DNN,
decreasing reliability.

SVR models produced results similar to but slightly lower than neural-based
models. While they achieved higher, more stable results than NN and DNN on
low-instance, low-attribute datasets, they generally lagged behind LSTM and
tree-ensemble models.

DT underperformed compared to tree-based ensembles. Optimizing multiple
trees inevitably yields superior results over single trees, which motivated ensem-
ble development. Though easily implementable and responsive, DT’ s limitation
—attribute sequence determination—was overshadowed by RF, GradBoost, and
XGBoost success.

LR, the most basic regression model, reaffirmed its success on linear problems
and showed capability to correlate correctly selected data with nonlinear test
data. However, its limited ability to establish nonlinear correlations across all
datasets requires further experimentation. LR remains essential for linearly
related attributes.

RF slightly underperformed GradBoost and XGBoost among tree-based mod-
els. While RF optimizes tree regression results through bagging, GradBoost
and XGBoost consider weak sample losses through boosting, making them less
sensitive to overfitting and more advantageous.

GradBoost and XGBoost proved to be models that should be prioritized for
regression problems, offering stability, low data dependency, and strong results.
Parameter optimization could further enhance their performance.

Deep LSTM achieved the highest results in nearly all experiments, even on
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datasets where other models failed, establishing it as a top regression model.
However, its significant disadvantages include high data dependency, unstable
responses to changing training data, and inconsistent results under some condi-
tions. Between folds, LSTM could predict all data perfectly in one fold and fail
completely in another. Forgetting states’ dependence on previous data and ef-
fects on subsequent sequences significantly impacted consistency. Fixed LSTM
structure may cause fluctuations, requiring further experiments for generaliza-
tion.

Given that all experiments used randomly selected then fixed data, fluctuations
and instability in many models were acceptable. LSTM’ s major limitation
was failing to complete learning on low-instance, high-attribute datasets (STM
and STP). With appropriate and sufficient data selection, deep LSTM should
continue achieving high-level regression results.

4.5 Outcomes and Recommendations for Further Studies

e« LSTM, XGBoost, and GradBoost were superior overall and should be
widely used for regression problems.

e RF, SVR models, and LSTM were most data-dependent, making cross-
validation essential for evaluating their prediction abilities.

e Optimal hold-out ratios vary by data and model, but 60:40 achieved the
highest results overall.

¢ XGBoost showed least dependence on training data volume and changes,
followed by GradBoost. Their results are robust to hold-out or cross-
validation choice.

e NN and DNN were minimally affected by data changes, but cross-
validation remains valuable for parameter and structure determination.

o Deeper neural networks outperform shallow ones as data volume (instances
and/or attributes) increases.

e LSTM achieved superior results across varied dataset types and sizes, but
structural determination can cause inconsistency.

e XGBoost and GradBoost, while not matching LSTM’ s peak performance,
produced stable, data-independent results at low computational cost.

o Cross-validation affected all models’ R? scores by 0.01-0.20 on av-
erage, proving essential for consistent, comparable results even for
data-independent models.

e Unselected data feeding to SVR models prevented superior performance;
data minimization might enhance SVR ability.

¢ LR remains superior for linear relationships but struggles with complex
datasets.

e AutoML approaches should consider model characteristics from this study
to reduce computational costs and offer more effective implementations.
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4.6 Limitations of the Study

This study has limitations. Using only two SVR kernels, implementing fixed
structures for deep LSTM, NN, and DNN, and optimizing these aspects could im-
prove results. Additionally, exploring various k values in k-fold cross-validation
would provide further insights into model behavior.

5. CONCLUSION

Comparing machine learning models is challenging due to numerous models, di-
verse datasets, and varied training strategies. This study performed 680 exper-
iments across 15 datasets, training ten benchmark models with three hold-out
ratios and five-fold cross-validation.

Results show each model has unique weaknesses and strengths for regression
implementation. Despite significant data dependency and sensitivity to train-
ing data changes, deep LSTM significantly outperformed other models in nearly
all experiments. Linear Regression remains essential for highly correlated data.
Tree-based ensembles, particularly Gradient Boosting and XGBoost, provide
reliable, consistent results with low sensitivity to training data changes. Neural-
based models produced stable but non-superior results, requiring more data for
deeper architectures. SVR models achieved superior results only with minimal
attributes and instances, but their data dependency complicates implementa-
tion.

Different hold-out ratios did not significantly affect performance, with 60:40
being most beneficial. However, cross-validation training considerably impacts
prediction ability and should be used instead of fixed, randomized training ratios
for robust analysis.
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